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由该参数值检验序列 (1)X 是否具备准指数规律。 
第四步，当 3k  时，序列通过准光滑性检验以及准指
数规律满足，则可对序列进行 GM(1,1)建模。对 (1)X 做紧
邻 均 值 生 成 ， (1) (1) (1)( ) 0.5 ( ) 0.5 ( 1)z k x k x k= + − ，












































对 参 数 列 ˆ=[ , ]
Ta b ， 用 最 小 二 乘 法 计 算 得 ：
1ˆ=( )T TB B B Y − ，从而得到 GM(1,1)模型的参数 a ， b 。 
第六步，根据所求参数值 a ， b 建立 GM(1,1)模型的时
间响应序列为 
 (1) (0)ˆ ( 1) ( (1) ) ;( =1,2, , )ak
b b
x k x e k n
a a
−+ = − +     (5) 
即可求得 (1)x 的估计值 (1)x̂ 。将 (1)x̂ 序列通过累减还原，
得到 (0)x 序列的估计值： 
 (0) (1) (1)ˆ ˆ ˆ( 1) ( 1) ( );( =1,2, , )x k x k x k k n+ = + −      (6) 
其中，在时间响应序列中参数 a 为 GM(1,1)模型的发展
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的序列 (0) (0) (0)( (2), (3) , ( ), _ (1))X x x x k yf gm=  继续进行
GM(1,1)建模预测，如此反复，直到达到需要的预测期数。 
1.3 FTS 模型   






已知历史数据中的最大值 maxy 和最小值 miny ，确定论域范






在 FTS 中，常用如下的三角函数来定义模糊集： 
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上式 n 表示对论域划分后的等分区间个数，即模糊概念
的个数， iA 表示对应的第 i 个模糊概念。对于每个模糊概念
的隶属度函数，采用如下式子表示： 
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其中， inl 表示模糊区间的长度，t 为时刻， im 为与第 i 个





个样本数据之间所对应的模糊逻辑关系 i jA A→ 。 
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其中， 是模糊系数，并且 (0, )  + 。 
第六步，建立预测模型。 
 1 2 1 2ˆ( 1) ( ( ), ( ), , ( )) ( , , , )
T
n ny t u t u t u t R m m m+ =    (10) 
其中， ˆ( 1)y t + 为最终预测值，R 是对关系矩阵 R 的每
一行进行归一化处理后得到的新关系矩阵， im 为与第 i 个模


































































图 1  FTS_GM(1,1)模型运算过程 















进行下一期的预测。具体运算过程如图 1 所示。 
FTS_GM(1,1)模型预测 (yf p)的公式表示如下：令
GM(1,1)模型的预测结果记为 _yf gm ，FTS 模型预测结果记
为 _yf fts ，则 FTS_GM(1,1)组合预测模型的形式如下： 
 
_ ( );                                   1
( )
_ ( ) (1- ) _ ( ); 2
yf gm p p
yf p
yf gm p f fts p p 
=
= 
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   (11) 
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其中，p 表示对未来第 p 期进行预测， 表示预测第二




GM(1,1)模型发展系数 a 对 GM(1,1)模型未来预测可靠性的
关系，同时参照 INV-MSE 法[25]，对 的取值采用如下方法：  
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为用 INV-MSE 法确定的 GM(1,1) 
模型预测的初始权重，h 为前向时间长度，即采用过去多少
期的均方误差进行拟合效果评价。 hftsMSE 表示 FTS 模型预
测均方误差，
h
gmMSE 是 GM(1,1)模型预测均方误差。 
(1 | |)
0.3
pa− 为赋予 GM(1,1)模型的权重衰减系数，是为了防 
止较大的 a 而造成 GM(1,1)模型对趋势持续较大增长或下降







数 p 越大，组合模型中 GM(1,1)模型所占的比重就越小。 
    组合模型的具体算法如下：  
第一阶段： 
步骤 1：输入要预测的期数 p k=  ，读取原始数据，取
最近 6-8 期值，以拟合效果最优为标准试算得最佳期数 h ，




步骤 3：对通过光滑检验的数列进行 GM(1,1)建模预测。 
步骤 4：判断 GM(1,1)模型发展系数 a ，如果 1a  ，则
可以直接用其他模型比如 FTS 模型预测；如果 | | 1a  ，则第
一期组合预测结果 (1) _ (1)yf yf gm= ，将发展系数 a ，拟合
的均方误差 gmMSE ，预测结果 _ ( )yf gm p ,  2,3,p k=  保
存进入下一个阶段。 
第二阶段： 
    步骤 1：对原始数列进行 FTS 模型训练，得 FTS 模型的
模糊关系矩阵 R ，以及最近 h 期的拟合均方误差 ftsMSE 。 
    步骤 2：将 ( 1)yf p − ,  2,3,p k= 模糊化，计算隶属度，
按照 FTS 模型的计算过程计算得预测值 _ ( )yf fts p 。 
    步骤 3：根据 gmMSE ， ftsMSE ， a 计算组合预测的权
重 。 
    步骤 4：组合预测，得第 p 期预测值 ( )yf p 。 
    步骤 5：如果 p k= ，停止计算；否则，重复第二阶段









C 公司目前回收的 57 种显示器业务的相关数据。本文先以
该业务中 E190Sf 型号的回收量为例，介绍模型的计算过程，




表 1  E190Sf 型号产品回收量 
Table 1 Product E190Sf recovery amount 
期数 1 2 3 4 5 6 7 8 9 10 11 12 
回收数量 194 209 116 239 246 209 226 288 253 198 253 283 
期数 13 14 15 16 17 18 19 20 21 22 23 24 
回收数量 218 194 119 160 180 203 206 323 266 310 346 257 
3.2 预测结果分析 
3.2.1 对 E190Sf 型号产品的预测 
对于 E190Sf 型号产品的回收量，先采用 GM(1,1)模型、







表 2  E190Sf 单个模型预测效果汇总 
Table 2 Summary of single model prediction about E190Sf 
         指标 
预测方法 
MAD MAPE MSE 
拟合 三期预测 拟合 三期预测 拟合 三期预测 
GM(1,1) 20.30 74.69 7.57% 27.49% 883.57 10028.58 
RGM(1,1)模型 20.30 73.17 7.57% 26.94% 883.57 9617.23 
FTS 34.07 53.67 18.36% 17.37% 2212.86 3382.40 
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图 2 E190Sf 产品回收量预测比较 
Figure 2 Comparison of the prediction of E190Sf recovery amount 











总如表 3 所示。 
表 3 E190Sf 预测结果汇总 
Table 3 Summary of E190Sf prediction result 
 MAD MAPE MSE 
GM(1,1) 76.69 27.49% 10028.58 
RGM(1,1)模型 73.17 26.94% 9617.23 
FTS 34.07 * 18.36% * 2212.86 * 



















好效果的产品比例，最终比较结果如图 3 所示。 
通过比较可以看出，在五种方法中，不管是以 MAD，











图 3 不同方法的比较结果 






























图 4 回收预测系统原型 










测中，都是 FTS 模型预测效果最好，则系统就会判断为 FTS
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Electronic products returns forecasting system based on a hybrid algorithm 
 
XU Shuting, MIAO Zhaowei, TAN Zhe*, CAI Nengzhao, SHANGGUAN Lili 
(School of Management, Xiamen University, Xiamen 361005, China) 
 
Abstract：The electronic products have special characteristics such as various categories, short lifecycle, and stochastic sales. It is becoming difficult for the 
third reverse service provider to forecast the quantity and quality of returns accurately because of the uncertainties of consuming circumstance, using habit and 
location of recovery, the reverse logistics of electronic products encounter the uncertainties of collecting quantity, collecting time and collecting quality. For the 
third reverse logistics service provider, improving the accuracy of returns forecasting is crucial to improve its operational efficiency and service quality. 
Firstly, this paper introduces the single forecasting models, including GM(1,1), RGM(1,1) and FTS, and analyzes their characteristics and applicable 
conditions theoretically. The GM(1,1) model has good approximation effect on the latest data, but it is sensitive to the trend of the sequence. The fluctuation of 
the sequence will greatly affect the forecasting performance. The FTS model can deal with the noise caused by fuzziness in uncertain data and mine more 
information in the original sequence. It has better adaptability to the fluctuating sequence. However, there will be a certain lag in grasping the trend of the 
sequence. This paper considers the uncertainty and fuzziness of the quantity of the returns, and proposes a two-period forecasting model FTS_GM(1,1) based 
on GM(1,1) and FTS to forecast better by utilizing the advantages of each model. In the first period, when the development coefficient of GM(1,1) | | 1a  , the 
forecasting value in GM(1,1) is adapted as the forecasting value in FTS_GM(1,1) because of the good approximation effect on the latest data of GM(1,1). After 
period one (in the second period), the FTS model is introduced because the error of GM (1,1) will increase greatly with the exponential growth of grey interval 
with the gradual departure from the actual sequence. The forecasting value in FTS_GM(1,1) is the weighted value of the ones in the GM(1,1) and FTS with 
variable weights. Due to the worse performance of GM(1,1) in the long term, the variable weight of GM(1,1) is influenced both by the initial weight and the 
weight attenuation coefficient. 
In the numerical experiment, this paper collects the historical data of the quantities of the returns in a reverse logistics firm. At first, four forecasting 
models(GM(1,1)、RGM(1,1)、FTS、FTS_GM(1,1)) are used to make a forecast for one kind of electronic product in the firm respectively, and the results show 
that FTS_GM(1,1) performs the best. To examine the applicability of FTS_GM(1,1) for other products, five models (moving average model, GM(1,1), 
RGM(1,1), FTS, FTS_GM(1,1)) are used to make a forecast for all products in the firm respectively. The results also show that FTS_GM(1,1) performs the best 
in each indicator (MAD、MSE、MAPE) and there is still a lot of room for the performance improvement of moving average method applied in the firm due to 
the limitation of its management decision level. Also, it is not difficult to find from the comparison results that no method will always perform the best for all 
types of returns because the sequence of returns quantity is various in an uncertain system due to the complex and changeable situation in practice. Each 
forecasting model has its limitation, and a single model cannot be applied to all products. 
Finally, this paper proposes the returns forecasting system prototype based on FTS_GM(1,1) supplemented with other forecasting models, which can 
examine the selected models in practice and match the best forecasting model, to improve forecasting performance for different products. 
The reverse logistics service provider can improve forecasting performance by selecting the appropriate model in return forecasting system and reduce the 
risk of over or insufficient purchase of maintenance spare parts. By this way, the service provider will reduce the spare part inventory and accelerate responding 
speed to improve its operational efficiency and service quality.  
Key words: Electronic product; Return forecasting; Hybrid algorithm; System prototype1 
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